Deep Learning in Historical Document
Image Analysis and Recognition!
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Historical Documents
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about a person, place, or event

® Historical Documents etc.
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Document Image Analysis and Recognition

®* Document Image Analysis and Recognition DIAR

® Forms ,bank check and financial document

® Understanding of the document contexts

® Automatic Reading System

®* Automatic Information Extraction
® Information Retrieval
® Layout text or image extraction,

graphical drawing




Handwritten Document

® Historical vs Modern Document
® Quality

®* Handwritten style
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Research Problem in Historical Document

®* Handwritten Character Recognition B fory's besclen of Ty R R———
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®* Document Processing

®* Word Spotting

¢ W O rd Re C O g n Itl O n Binarization Approaches

(a) Otsu approach

(b) Niblack approach
(c) Wu and Manmatha
(d) Liu and srihari
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Handwritten Character Recognition

® Feature Extraction or Descriptor %ﬂﬂuﬂ

® Machine Learning Algorithm ‘ﬂ/{?f% ﬂ

O. Surinta, M.F. Karaaba, T.K. Mishra, L.R.B. Schomaker and M.A. Wiering (2015). m ‘y{ ﬂﬂ

Recognizing Handwritten Characters with Local Descriptors and Bags of Visual
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Classification Documents
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® Dating and Localization - ‘ é a i a *“ i %a ;A
® Writer Identification Q s a b . 9 ’ \\ l o
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He et al. (2016) He S., Samara P., Burgers J., Schomaker L. Writer identification using curvature-free features Pattern Recognition

S. He, (2016) P. Samara, J. Burgers, L. Schomaker A multiple-label guided clustering algorithm for historical document dating
and localization IEEE Trans. Image Processing




rocessing (1)

. . . Binarization Approaches R
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* Segmentation
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Subhash P., Neeta N.: Handwritten Text Documents Binarization and

Skew Normalization Approaches , International Conference on Intelligent Human Computer Interaction
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Document Processing (1)
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MarCal Rusiflol , David Aldavert, Ricardo Toledo Josep LladOs Efficient segmentation-freekeywordspottinginhistorical

document collectionsint. Pattern Recognition,48(2015),pp.545-555
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Image by Fink, ICFHR 2018

WOrd SPOttl ng Query by Example
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® If transcription is not accomplish . W

® Information Retrieval System

® Special case of content -based image retrieval
Query by String -

® Query type

Compa ny/

® Query by Example

® Query by String

David Ferabdez Mota (2014), Contextual Word Spotting in Historical Handwritten Document, Computer Vision Center, University Autonoma de Barcelona,
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Word Spotting System Architecture
T geanaston ( )

® Segmentation , line word

®* Normalization , skew and slat

. Word Image ) NP ([ Ny
* Feature Extraction [O,Textune] [Document] U (T SN

2 Page

* Histograms of Gradients HoG segmentation LR

® Scale Invariant Feature Transform SIFT , SUFT I 5 | ey Cospans Wosiiisiy | Fovirpiinciy
° Representation [ Feature extraction ] Sy

® Fixed-length vector ¥

® Bag of Visual Word (BoVW) [ Representation ]
® Matching Process I ! 1

®* Dynamics Time Warping DTW Feature Model

® Euclidean Distance Vector (learning-based)

® (Cosine Distance

Giotis, A.P., Sfikas, G., Gatos, B., Nikou, C. (2017): A survey of document image word spotting techniques. Pattern Recogn. 68, 310-
332 (2017)



Word Recognition

® Sequence Technique ,

®* Hidden Markov Models T A—

* LSTM RNN Xe = [o1e 204
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Preprocessing

Recognition
W=w---w,

A. El-Yacoubi, M. Gilloux, R. Sabourin, and C.Y. Suen, Fello. (199):
An HMM-Based Approach for Off-Line Unconstrained Handwritten Word
Modeling and Recognition.
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Background Knowledge

® Feature Extraction =
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Image gradients Keypoint descriptor

C3: f. maps 16@10x10
INPUT C1: feature maps 54: f. maps 16@5x5

®* Machine Learning ey
* SVM

¢ MLP
Convolutions Subsampling Convolutions ~ Subsampling Full connection

®* BoVW

- "Airplane"

Term-vector

®* CNN Local ; |
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* LSTM

® Deep Learning




Feature Extraction (1)

® Scale Invariant Feature Transform: SIFT
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Feature Extraction (2) Baih |~ [nT

(a) Sample wnags (b) Gradieat Onsntation

® Histogram of Oriented Gradients: HOG I
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(c) Histogram and Veclorization

® Local Binary Pattern: LBP

Image fragment S(g,-8.) L 2
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Support Vector Machine

PHOC Common Attribute Space AttributeSVM Fisher Vector
(PHOC Space)

Almaz’an, J,, Gordo, A, Forn’es, A, Valveny, E. (2014): Word Spotting and Recognition with Embedded Attributes IEEE Transactions on

Pattern Analysis and Machine Intelligence



Pyramidal Histogram of Characters
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Bag of Visual Word

BoF:Bag of Features

W "Airplane"

Term-vector
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Artificial Neural Network

Input Layer Hidden_Layer Hidden_Layer Output Laye

* Multilayer Perceptron

Output of neuron = Y= f{wl. X1 +w2.X2+b) Sigmoid tanh RelU



Deep Learning

e Convolutional Neural Network CNN

e Convolution Layer

18

* Max Pooling

=] ~ (=] ~ w =

* Fully Connected Layer

C3: f. maps 16@10x10
S4: f. maps 16@5x5

C1: feature maps

Ch: layer gp.
120 i

| Full comlectjon ‘ Gaussian connections

Full connection

Subsampling

Convolutions Convolutions  Subsampling

B ©)




Convolutional Neural Network
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Sebastian S and Gernot A. Fink (2018): Attribute CNNs for Word Spotting in Handwritten

Documents. International Journal on Document Analysis and Recognition, 2018



Fully Convolutional Network

convolution
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Deep Learning in Historical Document (2)

* Segmentation FDN
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Encodern Decoder

Christoph Wick and Frank Puppe (2018)
Fully Convolutional Neural Networks for Page Segmentation of Historical Document Images



Deep learning Model

ResNet, ResNet 101, GoolLeNet ,AlexNet, YOLOV2 etc..

LeNet

C3: f. maps 16@10x10
C1: feature maps S4: 1. maps 16@5x5

INPUT 6@26x28 ,
52 f mape r CS:layer fg: jayer OUTPUT
r r 120 84 10

32x32 p
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Full connection Gaussian connections
Convolutions Subsampling Convolutions ~ Subsampling Full connection
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Long Short Term Memory LSTM

* Recurrent Neural Network RNN ® ® @ © ®
* Long Short Term Memory LSTM ’*EE - éHéHél—-
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Long Short Term Memory LSTM




Future Work (1)

Base on Applied Deep Learning in Historical Document

®* Handwritten Character Recognition
N NN
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* Word Spotting
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Future Work (2)
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